Hepatocellular carcinoma (HCC) accounts for most cases of liver cancer worldwide; contraction of hepatitis C (HCV) is considered a major risk factor for liver cancer even when individuals have not developed formal cirrhosis. Global, untargeted metabolic profiling methods were applied to serum samples from patients with either HCV alone or HCC (with underlying HCV). The main objective of the study was to identify metabolite based biomarkers associated with cancer risk, with the long term goal of ultimately improving early detection and prognosis. Serum global metabolite profiles from patients with HCC (n=37) and HCV (n=21) were obtained using high performance liquid chromatography-mass spectrometry (HPLC-MS) methods. The selection of statistically significant metabolites for partial least-squares discriminant analysis (PLS-DA) model creation based on biological and statistical significance was contrasted to that of a traditional approach utilizing p-values alone. A PLS-DA model created using the former approach resulted in a model with 92% sensitivity, 95% specificity, and an AUROC of 0.93. A series of PLS-DA models iteratively utilizing three to seven metabolites that were altered significantly (p<0.05) and sufficiently (FC≤0.7 or FC≥1.3) showed the best performance using p-values alone, the PLS-DA model was capable of generating 73% sensitivity, 95% specificity, and an AUROC of 0.92. Metabolic profiles derived from LC-MS readily distinguish patients with HCC and HCV from those with HCV only. Differences in the metabolic profiles between highrisk individuals and HCC indicate the possibility of identifying the early development of liver cancer in at risk patients. The use of biological significance as a selection process prior to PLSDA modeling may offer improved probabilities for translation of newly discovered biomarkers to clinical application.
Introduction
Hepatocellular carcinoma (HCC) is the most common type of primary liver cancer, and is responsible for an estimated 660,000 deaths worldwide. [1] It is believed that HCC develops as a consequence of significant damage to the cellular machinery in the liver after sustained viral infections or cirrhosis. [2] [3] [4] [5] Hepatitis C (HCV) is of particular interest since an estimated 130-170 million people are infected with the virus worldwide, and HCV causes approximately 25% of all reported cases of HCC. [6] [7] [8] HCV infections can be currently diagnosed with HCV antibody enzyme immunoassays but testing cannot distinguish acute and chronic infections or stratify HCV patients by cancer risk. [9] [10] [11] [12] [13] The main objective of this study was to investigate the ability to differentiate patients with HCV who did not develop cancer from those HCV patients who developed HCC. This differentiation is currently difficult due to the profound changes associated with the inflammatory response in both groups. Any improvement in the ability to identify the subset of patients at highest risk for HCC would have a substantial impact on the current treatment paradigm as it would provide earlier interventions, including liver transplant.
The field of metabolomics provides a powerful approach to identify small molecule biomarkers associated with cancer and other diseases. [14] [15] [16] [17] [18] [19] By focusing on the concentrations and fluxes of low molecular weight metabolites (< ~1000 m/z) in biofluids, detailed information on biological systems and their concordant correlations across related disease states can be obtained. [20, 21] A significant potential exists to clinically translate a subset of promising biomarker candidates with good diagnostic or prognostic capacity, and therefore metabolomics has become a popular approach in recent years. [22] [23] [24] [25] Metabolomics studies based on liquid chromatography mass spectrometry (LC-MS) have been reported for detecting both aberrant lipid metabolism and characteristic metabolites of interest for individuals with HCC. [26] Recent metabolomics studies have focused on serum biomarkers for HCC [28] [29] [30] [31] [32] while others have focused on the metabonomic response. [33] However, far fewer studies have focused exclusively on biomarkers that could differentiate at risk individuals in the HCV population from those who have developed HCC. [27] The concept of targeted pathway screening has previously been presented as a viable alternative to the current paradigm focused on statistically driven selection on the subset of LC-MS features which are currently identifiable in non-targeted metabolomics databases. [34] The contextually supervised approach we present is similar to the concept of targeted pathway screening but our selection is driven by historical clinical precedent.
In this study we applied global LC-MS metabolite profiling methods to investigate blood serum metabolites sensitive to patients diagnosed with HCC. We first built a supervised model derived from five putative metabolite markers known to be related to liver diseases and evaluated this model in terms of its ability to differentiate patients with HCV-HCC from those with HCV alone. A second supervised model was then created by adding two high performing metabolite markers from the global analysis to the five and then evaluated for improvements in sensitivity or specificity. The results indicate that an approach involving the monitoring of the seven metabolites in individuals diagnosed with HCV may provide information that would enable health care providers to administer earlier treatments for HCC.
Materials and Methods

Chemicals
HPLC-grade methanol and acetic acid were purchased from Fisher Scientific (Pittsburgh, PA). Deionized water was obtained from an EASYpure II UV water purification system (Barnstead International, Dubuque, IA).
Serum sample collection and storage
Fasting blood samples from HCV patients with histologically proven HCC (n=37) and patients with HCV alone (n=21) were collected at the Indiana University School of Medicine (Indianapolis, IN). All patients had been diagnosed with stage 4 cirrhosis and AFP (alpha fetaprotein) values were available for approximately one third of the patients. None of the HCC patients had undergone chemotherapy prior to blood sample collection. Demographic and clinical characteristics of the patients are presented in Table 1 . Each blood sample was allowed to clot for 45 min and then centrifuged at 2,000 rpm for 10 min. The sera were collected, aliquoted in separate vials, frozen, and shipped over dry ice to Purdue University (West Lafayette, IN) where they were stored at −80 °C until use. All samples were collected following the protocol approved by Indiana University School of Medicine and Purdue University Institutional Review Boards. All subjects included in the study were provided written informed consent according to institutional guidelines.
Sample preparation and data acquisition
Frozen serum samples were thawed and proteins were precipitated by adding 200 µL of cold methanol to 100 µL of serum. The mixture was then centrifuged at 14000 rpm for 10 min after which the supernatant was removed. An additional 200 µL of cold methanol was added to the recovered supernatant and the new mixture was centrifuged at 14000 rpm for 10 min. The supernatant solution obtained after this second protein removal step was then dried under vacuum and the obtained residue was reconstituted in 7.5 µL methanol and vortexed for 5 sec. An additional 7.5 µL 0.4% acetic acid solution in water was added to bring the total volume to 15 µL, which was then vortexed for 5 sec. This final 15 µL solution was again centrifuged at 14000 rpm for 10 min to remove residual particulate matter and the supernatant was transferred to an LC vial for analysis. A separate pooled sample was created by mixing together 3 µL aliquots from 15 serum samples randomly selected from all the sample vials which has previously been shown to strengthen the statistical design of applied mass spectrometry experiments. [35] This pooled sample, referred to as the quality control (QC) matrix sample, was subjected to analysis periodically between every 10 samples. QC sample data also served as technical replicates throughout the data set to assess process reproducibility.
LC-MS analysis was performed using an Agilent LC-QTOF system (Agilent Technologies, Santa Clara, CA) consisting of an Agilent 1200 liquid chromatography system coupled online with an Agilent 6520 time-of-flight mass spectrometer. A 3 µL aliquot of reconstituted sample was injected on to a 2.1×50 mm Agilent Zorbax Extend-C18 1.8 µm particle column with a 2.1×30 mm Agilent Zorbax SB-C8 3.5 µm particle guard column, both of which were heated to 60 °C. Serum metabolites were gradient-eluted at 0.6 mL/min using mobile phase A: 0.2% acetic acid in water and mobile phase B: 0.2% acetic acid in methanol (2% to 98% B in 13 min, 98% B for 6 min). An extended equilibration method was utilized to ensure consistent elution across the columns (2% to 98% B in 10 min and 98% to 2% B for 10 min (performed twice), followed by 2% to 98% B in 10 min and 98% to 2% B for 5 min) and proper reconditioning of the resistive ion capillary necessary for low intersample carryover during consecutive acquisitions. Although 98% B at 0.6 mL/min for 10 min was able to flush the column packing material, the analyte deposition on the rough inner surface of the glass capillary was not trivial at the chosen level of preconcentration and alternating strong and weak solvents was employed to ensure the consistent performance of the ion transmission element. This equilibration strategy was not required at a preconcentration level of 0.5x, 1x, or 2x but was necessary at 6.67x and had an added benefit that it extended the lifetime of the C8 column twofold. Electrospray ionization (ESI) was used in positive mode at 3.5 kV with a concurrent 35 psig emitter nebulization pressure. The interface capillary was maintained at 325 °C, with a curtain gas flow of 8 L/min. Agilent MassHunter Workstation LC-TOF and QTOF Acquisition software (B.02.01) were used for automatic peak detection and mass spectrum deconvolution.
Data analysis
LC-MS data were processed using Agilent's MassHunter Qualitative Analysis software (version B.03.01) for feature extraction. A list of ion intensities for each detected peak was generated using a retention time (RT) index and m/z data as the identifiers for each ion. Agilent MassHunter Workstation Mass Profiler Professional software (version B.02.00) was then used for compound peak alignment. Multiple feature consolidation into a single metabolite intensity was not performed so that every (m/z,RT) feature remained separate in order to retain metabolites that were more likely to have lower interbatch variance across multiple platforms. Although individual summing of multiple features (fractionated ions, adducts, etc.) of a single metabolite is reproducible in theory, in practice inherent differences in ionization efficiency and transmission often lead to conditions where the sum of all features is not reproducible across a wide set of environmental conditions and sample matrices, and was therefore not used to avoid adding non-trivial variance. The Agilent Formula Database (Agilent, 2010) was used for compound identification by matching the accurate mass spectrum to a database of metabolite compounds and all features without a match were excluded because of the difficulties in identifying unknown compounds. The intrabatch variation of pooled replicates was examined before processing any patients to ensure ion generation and transmission variation remained low. Selected biomarker candidates were then filtered to exclude those that had more than 15% missing intensity values (Rel. Ab. = 1) within either the HCC or HCV groups. Biomarker candidates that were not excluded were then interpolated by having the missing intensity values replaced with the average of the non-trivial abundances within each group. Welch's t-test analysis of the data was then performed to identify any significant differences in the detected compound intensities between individuals with HCC and HCV. Endogenous metabolites with low pvalues (<0.05) and at least moderate mean fold changes (FC≤0.7 or FC≥1.3) for the HCC/HCV ratio were selected as potential biomarker candidates for partial least-squares discriminant analysis (PLS-DA) model generation. Five of the supervised metabolites (vida infra) were verified in separate acquisitions using commercially available standard compounds.
The interpolated MS data of the selected statistically significant metabolites were imported into Matlab (R2008a, Mathworks, Natick, MA) installed with a PLS toolbox (version 4.1, Eigenvector Research, Inc., Wenatchee, WA) for partial least squares discriminant analysis (PLS-DA). The X matrix, consisting of the MS data, was mean centered prior to all statistical analyses. Depending on the group, each subject was assigned a "0" (i.e., HCC) and "1," (i.e., HCV) to serve as the (one-dimensional) Y matrix. Leave-one-out cross validation (CV) was chosen, and the number of latent variables (LVs) was selected according to the minimum root mean square error of CV procedure, which in this case was three for the first supervised PLS-DA model consisting of five metabolites and four for the second supervised PLS-DA model consisting of seven metabolites. PLS-DA models were created using the first three, four, five, six, and seven metabolites (ranked by p-value) with three LVs and a final model utilizing four LVs for seven metabolites. Predictions were made visually using a Y-predicted scatter plot with a cut-off value chosen to minimize errors in class membership. The R statistical package (version 2.8.0) was used to generate receiver operating characteristics (ROC) curves, calculate and compare sensitivity, specificity and area under the ROC curve (AUROC).
Results
The LC-MS spectrum for each serum sample consisted of more than 4000 features of which nearly 800 peaks were assigned to metabolites using the Agilent database. Analytes with distinct chromatographic signatures that were missing in more than 15% of the samples from either group were omitted from further analysis. The use of this filter and the Agilent chemical library resulted in a total of 512 identified metabolites common to both groups. To identify specific metabolites that best correlated with the different disease states the libraryidentified metabolites were analyzed using univariate analysis. There were 48 metabolites that varied significantly (p<0.05) between the two groups and 31 of these compounds were endogenous and had at least moderate mean fold changes (FC≤0.7, FC≥1.3) for HCC/HCV as shown in Tables S1 and S2 respectively.
Commercially available metabolites that had: 1) previously been reported as relevant to liver diseases by other researchers and 2) had an observed mass with an accuracy of 1 ppm or less against the Agilent database were chosen as characteristic metabolites input into iterative supervised PLS-DA models. Five metabolites (xanthine, uric acid, cholyglycine, D-leucic acid, and 3-hydroxycapric acid) were calculated to yield the optimum supervised performance and validated. Two additional metabolites (arachidonyl lysolecithin and dioleoylphosphatidylcholine), which performed well in the global analysis (lowest p-values and good fold changes) but which had not been previously associated with liver diseases, were added to the list of five characteristic metabolites. Table 2 summarizes the five supervised and two additional metabolites along with their observed mass values, database delta mass values, retention times, uncorrected p-values, and fold changes. Box and whisker plots of the integral peak areas for all seven metabolites are shown in Figure 1 and illustrate the systematic decrease in observed values for HCC patients compared to individuals with HCV for the five characteristic metabolites and systematic increase in values between HCC-HCV for the two additional metabolites. The ROC curves of the cross-validated predicted class values for all seven metabolites are shown in Figure 2 .
Comparing metabolic profiles of Hepatocellular Carcinoma and Hepatitis C patients
A supervised PLS-DA model was built using the integral peak area intensities for the five biologically significant and characteristic metabolites to test the classification accuracy for the two patient groups as shown in Figure 3 . The model derived from five supervised metabolites provided a sensitivity and specificity of 92% and 62%, respectively, with a calculated AUROC of 0.89. Levels of the metabolites between HCC patients compared to individuals with HCV were compared using box-and-whisker plots. All characteristic metabolites showed that levels were elevated in individuals with HCV and were lower for those diagnosed with HCC. The second supervised PLS-DA model shown in Figure 4 was created using the same five metabolites plus the two additional species listed in Table 2 . The results of this second model are improved substantially and show a sensitivity and specificity of 92% and 95%, respectively, with a calculated AUROC of 0.93. Table 3 
Discussion
This study focuses on identifying metabolites for the establishment of improved clinical biomarkers for HCC and insights into the altered metabolism in HCC patients compared to HCV patients. It is well known AFP is not a highly accurate marker, as is clear even from the somewhat limited data available on patients in this study (see Table 1 ). Thus it is of interest to examine the metabolome for possibly better clinical biomarkers.
In this study, we built supervised PLS-DA statistical models based on two approaches. First we focused on metabolites with low p-values that had previously shown a biological connection with either liver metabolism or cancer. As a result of our global metabolomics analysis, thirty-one endogenous metabolites showed low p-values and significant fold changes in distinguishing these patients. Eleven commercially available metabolites had already been shown to be directly or indirectly associated with liver metabolism, distress, and/or general cancer mechanisms not localized to a specific tissue: 17beta-estradiol 17-(beta-D-glucuronide) (p = 1.3E-04) [57] , choline (p = 6.0E-04) [19, 52] , uric acid (p = 3.0E-04) [36, 37, 38] , xanthine (p = 5.2E-03) [28, 37, 38] , 5-hydroxytryptophan (p = 8.5E-03) [59] , Indole-3-ethanol (p = 1.2E-02) [57, 58] , cholylglycine (p = 1.3E-02) [39, 40] , D-leucic acid (p = 2.2E-02) [43, 44] , glycolaldehyde (p = 2.3E-02) [53] , 1-methylguanine (p = 2.5E-02) [59, 60] , and 3-hydroxycapric acid (p = 3.1E-02). [41, 42] We hypothesize that the simplest and most ubiquitous metabolites present in serum will be more robust representatives of any model across technical platforms, operator skill, and biological sets obtained at different clinical locations. The second approach uses the endogenous metabolites with lowest p-values as possible inputs to the statistical model.
The first approach has some significant advantages: 1) metabolite compounds with preestablished connections to specific tissues or diseases have an increased probability of representing biochemical changes associated with the disease of interest and 2) adoption of robust clinical tests often requires implementation on multiple technical platforms for complementary validation in the current regulatory environment. Leveraging pre-existing clinical and academic research to select and exclude metabolites increases the probability that a discovery model would validate and translate to the clinical setting. We note that testing existing biomarkers in this context can improve the statistical power and reduce the false discovery rate, as we are essentially testing known biomarkers in a set of new patient samples.
Two species, 1-methylguanine and 17-beta-estradiol 17-(beta-D-glucuronide), have not been observed with sufficient appearance frequency in LC-QTOF acquisitions across clinical sample sets to confidently choose them as initial contributors to a supervised model as other more ubiquitously observed metabolites in ESI would be more appropriate. Of the nine remaining candidates, choline has clearly been demonstrated to be representative of direct dietary intake of choline containing foods. [19, 52] Although choline was accurately identified using a commercial standard and has a low p-value of 6.0E-04, including it in the model would likely bias the clinical results to a significant degree based on the dietary intake of patients in addition to any effect caused by disease; therefore we chose to exclude this species. Both 5-hydroxytryptophan and indole-3-ethanol were excluded as candidates because the commercial standards eluted at different retention times and produced different MS/MS spectra leading to the conclusion that these species were incorrectly identified.
The remaining six biologically significant metabolites were ordered by increasing p-values and PLS-DA models using three, four, and five metabolites were created. The first five rows of Table 4 summarize the PLS-DA model results of cumulative addition of the endogenous metabolites by p-value. The inclusion of uric acid, xanthine, and cholylglycine resulted in model performance with a sensitivity and specificity of 95% and 62%, respectively, with a calculated AUROC of 0.89. The addition of D-leucic acid did not change the performance of the model. The addition of glycolaldehyde to the first four metabolites did improve the specificity (67%) and AUROC (92%) but decreased the sensitivity (92%). The addition of 3-hydroxycapric acid to the first four metabolites from Table 4 only reduced the sensitivity to 92% with no improvement in specificity (62%) or AUROC (89%). Although glycolaldehyde has been shown to induce apoptosis in breast cancer cells and has an association with general cancer metabolic pathways its small size, ~61 m/z, means that it may be a poor choice to include in a panel of biomarkers to monitor for a clinical test given the popularity of QqQ platforms. [53] It is well known that high abundant clusters present below 80 m/z are often unmanaged and internal or external standards cannot compensate for poor interface conditions resulting in solvent interference. Choline was excluded based on dietary bias and glycolaldehyde is to be excluded based on robust practical ESI considerations required for a regulated clinical environment. Retaining this metabolite would require that targeted QqQ methodology dampen solvent and background ions that may obscure the analyte's abundance. This would be challenging to implement unless laboratories either had controlled ambient relative humidity and particulate conditions or heightened ESI expertise to modify the interface voltages, emitter distances, ESI-plume sampling angle, chromatographic flow rate, etc. to reduce the appearance of overlapping non-resolved background ions obscuring the signal. In order to reduce anticipated variance of the biomarker test glycolaldehyde was excluded to increase the viability of widespread adoption of the panel.
We noted that three of the metabolites had short retention times. To address the possibility that ion suppression might adversely affect the observed biological relationships derived from the void volume elution of three of these metabolites a separate chromatographically optimized targeted acquisition on a QqQ was performed to separate metabolites out of the void volume. [54] The results were unchanged.
The optimum number of metabolites to include is traditionally the minimum required to create a model with the highest sensitivity, selectivity, and AUROC which in this case would be uric acid, xanthine, and cholylglycine. In clinical settings, minimizing monitored metabolites has tangible practical value but in this set we have the opportunity to provide redundancy by including both D-leucic acid and 3-hydroxycapric acid. By retaining the two extra metabolites that have biologically relevant importance but have little impact on the model performance we position the test to monitor additional metabolic pathways. This should increase robustness of the model in clinical patient sets that may have drug, diet, or genetic perturbed purine metabolism which would detrimentally affect a three metabolite model where both uric acid and xanthine could be adversely affected. The first complete set of supervised metabolites selected included uric acid, xanthine, cholylglycine, D-leucic acid, and 3-hydroxycapric acid with a sensitivity and specificity of 92% and 62%, respectively, with a calculated AUROC of 0.89. Alternatively, with a lower threshold value the sensitivity is 78% with a specificity of 86%.
We hypothesized that iteratively increasing the number of biomarkers beyond the biologically relevant five could improve the model discriminating HCV and HCC by utilizing the best candidates from Table 3 , arachidonyl lysolecithin (p = 2.8E-06) and dioleoylphosphatidylcholine (p = 1.0E-05). The last two rows of Table 4 summarizes the PLSDA model results of cumulative addition of these metabolites to our existing five supervised metabolites. A hybrid supervised-global approach using seven metabolites yielded a model with a sensitivity and specificity of 92% and 95%, respectively, with a calculated AUROC of 0.93. If D-leucic acid and 3-hydroxycapric acid were excluded leaving only uric acid, xanthine, cholylglycine, arachidonyl lysolecithin, and dioleoylphosphatidylcholine the model would yield a sensitivity and specificity of 89% and 95%, respectively, with a calculated AUROC of 0.93.
Comparison of the individual metabolites between the two patient groups showed clear differences as shown in Figure 1 , with all five biologically relevant metabolites being decreased in individuals with HCC and the levels of two additional metabolites increasing in individuals with HCC. The good discrimination between HCC and HCV based on a PLS-DA model that uses five specific liver disease related metabolites detected by LC-MS indicates that this methodology may have good potential for identifying the early onset of liver cancer in HCV patients that might not be detectable by cross sectional imaging or tumor markers (i.e., AFP) currently available. The addition of two other metabolites to the model provides a clinically significant 0.95 specificity.
Two of the five characteristic metabolites, uric acid and xanthine, are linked metabolically and are both involved in the purine degradation pathway. Xanthine is formed from guanine by guanine deaminase, hypoxanthine by xanthine oxidoreductase, or xanthosine by purine nucleoside phosphorylase (PNP). [36] Uric acid is subsequently formed from xanthine by xanthine oxidase which plays an important role in human purine catabolism. [37, 38] Purine metabolism has already been shown to be altered in chemically induced transplantable hematomas in rats and that xanthine oxidoreductase activity decreases in individuals with cancer. [39] The lower levels of both these purine pathway metabolites in HCC fit previous observations of reduced xanthine oxidoreductase activity. The presence of two metabolically linked metabolites that have a strong positive affiliation between the two patient groups supports the hypothesis that it is possible to monitor the perturbed metabolism of liver cancer via LC-MS.
The appearance of cholylglycine and 3-hydroxycapric acid as potential biomarkers is not that unexpected as both metabolites have previously been used to gauge liver dysfunction from serum levels employing non-LC-MS techniques. [40, 41, 42] Disturbance in the metabolic pathways of bile acid derivatives such as sulfolithocholylglycine could contribute to the changes in cholylglycine, while variation in 3-hydroxyacyl-CoA dehydrogenase activity might be responsible for relative differences of 3-hydroxycapric acid we observe in HCC/HCV patients. The general performance of liver fatty acid oxidation can in part be gauged by the output of the 3-hydroxy dicarboxylic acid family of metabolites. [43] In this case, the overproduction of both of these metabolites in the HCV patients may indicate that sustained accelerated metabolism in hepatic cells for long periods of time places individuals at risk for developing HCC. Comparing levels of these metabolites in a group of 'a priori' healthy individuals in future studies would be informative. This investigation would address an interesting hypothesis, namely whether HCV ramps up metabolism from the normal state and only returns to more normal values after hepatic cells can no longer sustain that level of output after the onset of HCC.
D-leucic acid has less established evidence in the literature that directly links it with liver dysfunction. Nevertheless, a complex relationship has been shown between mTOR activity and cancer, and that leucine or a leucine derivative may be involved in mTOR activity. [44, 45] Dleucic acid (D-2-Hydroxyisocaproate) also has a corresponding enzyme, L-2-hydroxyisocaproate dehydrogenase. This enzyme is orthologous to the L-lactate dehydrogenase enzyme which converts pyruvate to lactate and back. Pyruvate and lactic acid ratios have already been shown to be a significant determiner of cirrhosis [46] and given our HCC cohort it is unsurprising that an orthologous small molecule, D-leucic acid, is shown to be reflective of this tissue damage. Dleucic acid is also related to more general cellular mechanisms of cancer and the addition of this metabolite when creating a PLS-DA model increased robustness as cirrhosis can be indicative of cancerous tissue, which was a primary driver for its retention.
The phosphatidylcholine and the lysolecithin metabolites, dioleoylphosphatidylcholine and arachidonyl lysolecithin, have not previously been associated with hepatic disorders but have surfaced in recent colorectal, breast, and ovarian cancer research. Altered choline metabolism and higher observed concentrations of phosphatidylcholines in cancer cells is not believed to be a simple indicator of increased phospholipid production but instead results from activation of different enzymes in growth factor-mediated cell signaling pathways. [47] [48] [49] [50] Plasma lysophosphatidylcholine levels have been observed to be lower in colorectal cancer patients while lysophosphatidic acid has been shown to be elevated in patients with ovarian cancer. [51, 52] HCC patients have elevated levels of both dioleoylphosphatidylcholine and arachidonyl lysolecithin compared to individuals with HCV.
The PLS-DA model built using the characteristic supervised metabolite integral peak area intensities provided a sensitivity and specificity of 92% and 62%, respectively, with a calculated AUROC of 0.89. Changing the cutoff threshold produces a sensitivity of 78% and a specificity of 86% using the same model. However, the addition of arachidonyl lysolecithin and dioleoylphosphatidylcholine improves the model significantly with a new calculated sensitivity and specificity of 92% and 95%, respectively, and an AUROC of 0.93. This model was very effective in identifying individuals with HCC and had a low false positive rate (1 patient) in the 21 HCV patients under study. Nevertheless, the single misclassification of an individual with HCV has two possible interpretations: Either these markers are not strong candidates to discriminate early onset HCC in individuals with HCV or these markers are so effective at discrimination that they are indicating which patients in the HCV group have developed preclinical or occult HCC. Prospective serum samples from HCV patients under surveillance known to later develop HCC would address the apparent false positive. Those tissue acquisition protocols are ongoing.
There are several limitations of this study, including the limited clinical information available on these 58 patients. We are unable to address possible metabolic differences driven by changes in fibrosis state or cirrhosis. All HCC patients were stage 4 and therefore we are unable to comment on changes as HCC progresses using this cohort. Ideal clinical information that would be optimal to include for a larger validation cohort would include AFP levels on all patients, hepatopathies, METAVIR scores (inflammation and fibrosis stage), viral loading, and a selection of HCC patients undergoing identical drug treatments in order to address the inherent heterogeneities within these diseases. Although improved depth of available clinical information can provide a greater impact as to the particular mechanism of disease progression, absence of this knowledge does not exclude the capacity of a metabolite panel to report changes between the two disease states. As long as high impact clinical confounders (such as chemotherapy) are excluded, biomarkers can discriminate between two states without knowledge of all possible clinical confounders in general cohorts. The clinical cohort we have available is sufficient for discovery and demonstration that a larger more intensive study with a more ideal patient pool would be worth the substantial effort required to organize the necessary collaboration between clinicians and scientists. Future, mechanistic studies, perhaps on animal models would of course add additional insight and possibly lead to improved biomarker panels.
In conclusion, we have shown that the metabolic profiling of serum using LC-MS along with multivariate statistical methods allows a detailed picture of metabolic changes in HCC compared with HCV. Due to the significant alteration of a number of metabolites, HCC patients can be discriminated from HCV patients and vice versa. The high levels observed for the characteristic metabolites derived from the hybrid supervised global approach in the HCV patients compared to HCC patients could be particularly noteworthy if levels in disease free individuals could be established directly and simultaneously compared in a future validation cohort. Comparisons between individuals diagnosed with HCC and HCV for each metabolite using integral peak area abundances. Box-and-whisker plots of (A) uric acid, (B) cholylglycine, (C) 3-hydroxycapric acid, (D) D-leucic acid, (E) xanthine, (F) arachidonyl lysolecithin, (G) dioleoylphosphatidylcholine. Table 3 Iterative PLS-DA modeling cumulative results. Table 4 Iterative PLS-DA modeling cumulative results. 
